Introduction
============

Humans spend up to 90% of their lives indoors ([@bib29]). Consequently, the way we design and operate the indoor environment has a profound impact on our health ([@bib21]). One step toward better understanding of how building design impacts human health is to study buildings as ecosystems. Built environments are complex ecosystems that contain numerous organisms including trillions of microorganisms ([@bib53]; [@bib60]; [@bib2]). The collection of microbial life that exists indoors---the built environment microbiome---includes human pathogens and commensals interacting with each other and with their environment ([@bib12]). There have been few attempts to comprehensively survey the built environment microbiome ([@bib53]; [@bib60]; [@bib2]), with most studies focused on measures of total bioaerosol concentrations or the abundance of culturable or pathogenic strains ([@bib6]; [@bib59]; [@bib37]), rather than a more comprehensive measure of microbial diversity in indoor spaces. For this reason, the factors that determine the diversity and composition of the built environment microbiome are poorly understood. However, the situation is changing. The development of culture-independent, high-throughput molecular sequencing approaches has transformed the study of microbial diversity in a variety of environments, as demonstrated by the recent explosion of research on the microbial ecology of aquatic and terrestrial ecosystems ([@bib39]) and the human microbiome ([@bib61]; [@bib5]; [@bib47]). In this study, we apply these approaches to study the ecology and diversity of the built environment microbiome.

The health benefits of well-planned architecture have been recognized for many years ([@bib56]). A prominent example is the work of Florence Nightingale, who over 150 years ago wrote that open windows were the hallmark of a healthy hospital ward ([@bib41]). Today, ventilation remains a key design strategy to mitigate the spread of infectious disease indoors ([@bib3]; [@bib33]; [@bib21]). Despite the growing body of data linking architecture and human health, we continue to live in an era where many buildings are associated with significant health risks. These risks include, but are not limited to, sick building syndrome, other health risks resulting from exposure to indoor pollutants ([@bib27]) and hospital-acquired infections, which remain among the leading causes of death in developed countries ([@bib25], [@bib26]). Scientific studies and data are increasingly focused on understanding how improved design can make buildings less risky for their occupants ([@bib63]).

As for any other biome, the composition of the built environment microbiome is determined by some combination of two simultaneous ecological processes: the dispersal of microbes from a pool of available species and selection of certain microbial types by the environment ([@bib36]). The microbial species available for dispersal into most built environments are likely to come primarily from outside air (introduced through ventilation), indoor surfaces and the bodies of humans and other micro- and macroorganisms residing and moving through indoor spaces ([@bib46]; [@bib53]; [@bib20]). It is unclear which of these sources is the most important, or what factors might determine their relative importance within and among buildings ([@bib53]). It has been hypothesized that filtration by mechanical ventilation is a form of dispersal limitation, resulting in indoor microbial communities that represent a subset of outdoor microbes ([@bib32]). However, indoor environments have been found to harbor microbial taxa not commonly found outdoors ([@bib60]; [@bib2]). Selection of specific microbial taxa by environmental conditions has been suggested to occur in built environments, but this has been demonstrated for only a few taxa ([@bib55]). For example, it has been reported that air temperature and relative humidity ([@bib3]; [@bib58]), as well as the source of ventilation air and occupant density ([@bib50]), can influence the abundance and transmission of some pathogenic microbes indoors.

In this study, we used high-throughput, culture-independent approaches to survey the built environment microbiome of a health-care facility. We chose a health-care facility because it allowed us to sample across a range of design and environmental factors (including ventilation source, temperature and humidity) and because there is keen interest in the role that the microbiome of health-care facilities has in human health ([@bib21]). We focused our survey on bacteria, the most common cause of hospital-associated infections ([@bib15]). Our study addresses three general questions: First, what is the composition of airborne microbial communities indoors? Second, how does building design, in particular ventilation source, influence the diversity and structure of the built environment microbiome? Third, are ventilation sources or environmental conditions correlated with the abundance of human-associated microbes in the built environment?

Materials and methods
=====================

Setting and study design
------------------------

Airborne microbial communities and environmental conditions were sampled six times at Providence Milwaukie Hospital, Milwaukie, OR, USA, on 27--28 February 2010 ([Supplementary Table S1](#sup1){ref-type="supplementary-material"}). At each sampling time, a sample was collected from outdoor air, indoor air from a mechanically ventilated room and indoor air from a 'naturally\' ventilated (that is, primarily window ventilated) room simultaneously. Outdoor samples were collected from the roof of the hospital immediately adjacent to the air intake for the building\'s heating, ventilating and air conditioning (HVAC) system. Indoor samples were collected in researcher-occupied patient rooms. Mechanically ventilated rooms had ventilation air supplied by the HVAC system through a supply duct and removed through a return duct and bathroom exhaust. Window-ventilated rooms had ventilation air supplied directly from the outside through a window and removed through a return duct, bathroom exhaust and the window. A detailed description of the architectural attributes of the building is provided in the [Supplementary Information](#sup1){ref-type="supplementary-material"}.

Environmental measurements
--------------------------

During each sampling period, environmental conditions, including air temperature, relative humidity, absolute humidity and air flow rate, were measured using TSI Inc. (Shoreview, MN, USA) VelociCalc multi-function ventilation meters (Series 9555 with probe 964) placed at the patient bed and in air supply in patient rooms, and Davis Instruments (Hayward, CA, USA) Vantage Pro2 meters placed adjacent to BioSamplers (SKC Inc., Eight Four, PA, USA) outdoors. Sampling occurred every second, and 1-min averages were stored for indoor samples. For outdoor readings, the variables were sampled and stored every 15 min. Environmental conditions for each sample represent the average of all measurements for the entire sampling period. Air changes per hour were calculated for patient rooms taking into account room volume, air speed and volume flowing into the room through the window (window-ventilated rooms) or diffuser (mechanically ventilated rooms).

Microbial community sampling
----------------------------

Each microbial sample was collected by drawing air through two liquid impingers (BioSamplers) filled with sterile molecular-grade water for 1 h at a rate of 12.5 l min^−1^, resulting in a total sampled air volume of 1500 l per sample. Impingers were refilled with sterile water midway through each sampling to maintain a constant liquid volume and collection efficiency. The impingers and all tubing used to connect the impingers to vacuum pumps were autoclaved and maintained in a sterile condition before sampling. Outdoor samples were collected with impingers placed at the roof surface immediately adjacent to the hospital\'s HVAC air intake vents. Indoor samples were collected from impingers placed at ∼30 cm above the middle of the bed in patient rooms occupied by two researchers for the duration of each sampling. Window-ventilated rooms were ventilated exclusively by window for at least 1 h before sampling.

Bacterial cell density estimation, DNA extraction and bacterial 16S gene amplification procedures are described in detail in the [Supplementary Information](#sup1){ref-type="supplementary-material"}. Total bacterial cell density counts were performed using epifluorescence microscopy of 4\',6-diamidino-2-phenylindole-stained samples. We extracted DNA from impinger liquid using standard methods, and gene fragments from the V2--V3 region of the bacterial 16S SSU-rRNA gene ([@bib45]; [@bib23]; [@bib24]) were amplified using universal bacterial 16S primers 27F and 338R modified for use with the GS FLX Titanium platform (454 Life Sciences, Branford, CT, USA).

Sequence processing
-------------------

Pyrosequencing of the DNA library resulted in 179 146 sequences. Raw sequences from 454 pyrosequencing were processed with the QIIME pipeline ([@bib8]) using standard quality control guidelines to eliminate low-quality sequences and assign sequences to different samples based on their barcodes. Criteria for sequence inclusion in subsequent analyses were based on QIIME version 1.1 defaults, with the exception of a minimum sequence quality score of 20 and up to three ambiguous bases and three primer mismatches permitted per sequence. After quality control, 107 820 sequences remained and were included in subsequent analyses. Quality-controlled sequences were denoised using the QIIME denoiser using default settings and binned into operational taxonomic units (OTUs) at a 97% sequence similarity cutoff using uclust ([@bib14]), resulting in 10 585 OTUs. The 97% sequence similarity cutoff is the highest similarity cutoff that can be used to accurately bin sequences into OTUs due to the sequencing error rates inherent in the 454 sequencing technology ([@bib31]). The longest, highest-quality sequence from each OTU was chosen as a representative sequence for that OTU in subsequent analyses. After quality control and OTU binning, the median sequence length was 329 nucleotides (mean length (±s.d.)=310±49 nucleotides). A check for chimeric sequences with the ChimeraSlayer algorithm identified \<1% of OTUs and sequences as potentially chimeric; these sequences were excluded from subsequent analyses.

Because our primary interest concerned the structure of airborne bacterial communities, we excluded chloroplast and all other nonbacterial 16S sequences from subsequent analyses. To ensure adequate sampling depth for statistical comparison among samples, we eliminated samples containing fewer than 700 sequences after quality control. Additionally, a single outdoor air sample was eliminated from subsequent analyses because it contained \>95% identical sequences that likely represented contamination during sample processing. The median number of sequences in each of the 13 remaining samples (5 from mechanically ventilated patient rooms, 4 from window-ventilated patient rooms and 4 from outdoors) was 2756 (range: 702--6830 sequences per sample).

Representative sequences for each OTU were identified taxonomically using the Ribosomal Database Project Bayesian classifier algorithm ([@bib9]), with a 50% support cutoff. Phylogenetic relationships among OTUs were inferred based on the representative sequence for each OTU. Representative sequences for each OTU were aligned using the Infernal aligner ([@bib38]), with default settings provided by the Ribosomal Database Project (RDP) pyro pipeline ([@bib9]). Representative sequence alignments were masked with the RDP hard mask ([@bib9]), sites with \<50% coverage were removed and sequences with \<50 nucleotides remaining after masking were removed. We inferred a phylogeny among the 10 486 remaining representative OTU sequences using FastTree version 2.0.1 ([@bib48]) with a GTR+CAT model of evolution and pseudocount distances.

Microbial community analyses
----------------------------

After sequence processing, all data were imported into the R version 2.11. statistical computing environment ([@bib51]), and all subsequent analyses and visualizations were performed in R using functions from the picante ([@bib28]) version 1.2, vegan ([@bib42]) version 1.17, and ggplot2 ([@bib65]) version 0.8.9 packages. Bacterial community dissimilarity was quantified using the normalized weighted UniFrac distance metric ([@bib34]; [@bib22]), which measures the phylogenetic distinctness of organisms in different communities, based on abundances and phylogenetic relationships of the representative OTU sequences. The compositional similarity of all samples was visualized using a nonmetric multidimensional scaling (NMDS) ordination of weighted UniFrac dissimilarities. The relative strength of relationships between airborne bacterial community structure and environmental variables were quantified using an analysis of molecular variance analysis ([@bib17]) of the weighted UniFrac dissimilarities, which quantifies the variance in community dissimilarity explained by different explanatory variables. For each environmental variable, we measured the variance in community dissimilarity explained by that variable. Because environmental conditions differed among rooms exposed to different ventilation sources, we also measured the variance in community dissimilarity explained by each environmental variable after accounting for the variance explained by ventilation source. We repeated these analyses including indoor and outdoor samples, as well as for indoor samples only.

We tested for a relationship between ventilation source and diversity using mixed models, with rarefied diversity as the response variable, ventilation source as a fixed effect and time of sample collection as a random effect. Phylogenetic diversity (PD) was calculated as Faith\'s PD ([@bib18]), the total phylogenetic branch length separating OTUs in each rarefied sample. To allow robust comparisons among samples containing different numbers of sequences, sample diversity was calculated based on samples rarefied to contain 700 sequences, as the sample with the fewest sequences contained 702 sequences. Pairwise differences in diversity and abundance of different taxa among environments and ventilation sources were tested using Tukey\'s honestly significant difference (HSD) tests. Repeated analyses of rarefied data yielded nearly identical results; hence results of a single representative rarefaction of the data are presented. The taxonomic composition of bacterial communities in each sample was quantified by calculating the relative abundance of sequences assigned to different taxa by the RDP naive Bayesian taxonomic classifier algorithm at a 50% cutoff ([@bib9]).

We estimated the relative abundance of potentially pathogenic bacteria in each sample by identifying sequences that were related to bacterial strains that are known human pathogens, based on published lists of human pathogens including the UK select agents list ([@bib62]), the Microbial Rosetta Stone Database of global and emerging infectious microorganisms and bioterrorist threat agents ([@bib13]), and several studies that provide lists of human pathogens associated with health-care facilities and other buildings ([@bib54]; [@bib7]; [@bib35]). We conducted a Basic Local Alignment Search Tool (BLAST) sequence similarity search ([@bib1]) comparing each OTU with a database of reference sequences ([@bib49]). We classified an OTU as a potential human pathogen if it shared 97% or greater sequence identity with a strain in the reference database that has been classified as a potential human pathogen ([@bib62]; [@bib54]; [@bib13]; [@bib7]; [@bib35]). We repeated this analysis using a variety of different taxonomic classification similarity (that is, confamilials or congeners of known pathogens) and sequence similarity cutoffs (95 and 97% sequence similarity), and the results were nearly identical; we present only the results based on the 97% sequence similarity cutoff.

We identified OTUs that were characteristic of mechanically ventilated indoor, window-ventilated indoor and outdoor environments using indicator species analysis ([@bib11]). Indicator species analysis uses a randomization test approach to identify OTUs that have higher fidelity (relative abundance and occurrence frequency) in an environment than expected (*P*\<0.05) based on 1000 random assignments of samples to different environments.

Results
=======

Does architectural design influence the built environment microbiome?
---------------------------------------------------------------------

The composition of airborne bacterial communities differed among outdoor air, mechanically ventilated rooms and window-ventilated rooms (analysis of molecular variance; weighted UniFrac phylogenetic community dissimilarity; *R*^2^=0.57, *P*\<0.01). Microbial community composition in mechanically ventilated patient rooms was distinct from the composition of communities in outdoor air, as shown by the lack of overlap among samples from these environments in terms of their phylogenetic similarity (first axis of NMDS ordination; [Figure 1](#fig1){ref-type="fig"}). Community composition in window-ventilated patient rooms was intermediate between mechanically ventilated patient rooms and outdoor air. Window-ventilated rooms with higher air temperature, lower relative humidity and lower rates of air flow contained bacterial communities more similar to mechanically ventilated rooms than to outdoor air (correlations between first axis of NMDS ordination and environmental conditions; [Figure 1](#fig1){ref-type="fig"}). Thus, there exists a gradient in the composition of airborne microbial communities with mechanically ventilated patient rooms with relatively warm and dry air at one extreme, relatively cool and moist outdoor air communities at the other extreme, and window-ventilated rooms having greater compositional similarity to mechanically ventilated rooms or outdoor air depending on the environmental conditions in the room ([Figure 1](#fig1){ref-type="fig"}).

Airborne bacterial cell density in samples varied from 502 000 to 2 580 000 cells m^−3^ ([Supplementary Table S1](#sup1){ref-type="supplementary-material"}), but cell density did not vary significantly among environments (analysis of variance (ANOVA); log~10~(airborne bacterial cell density) versus environment; *R*^2^=0.02, F~2,10~=1.1, *P*=0.36). The PD of airborne bacterial communities differed significantly among environments (ANOVA; F~2,6~=15.5, *P*=0.005), with highest diversity in outdoor air and lowest in indoor air from rooms that were mechanically ventilated ([Figure 2](#fig2){ref-type="fig"}). The taxonomic composition of airborne bacterial communities also varied with ventilation source ([Figure 3](#fig3){ref-type="fig"}). Betaproteobacteria were the dominant taxa in all the airborne communities, but were more abundant indoors than outdoors. In outdoor air, Actinobacteria, Gammaproteobacteria and Alphaproteobacteria were the dominant taxa, and Acidobacteria and Sphingobacteria were more abundant in outdoor air than indoors.

We observed a significant relationship between indoor ventilation source and environmental conditions versus airborne bacterial community structure. Ventilation source (mechanical versus window) explained the majority of variation in bacterial community structure among rooms in the hospital we studied (analysis of molecular variance; weighted UniFrac phylogenetic community dissimilarity versus ventilation source; *R*^2^=0.66, *P*\<0.01; [Table 1](#tbl1){ref-type="table"}). However, after accounting for the effect of ventilation source, bacterial community composition indoors was related to the environmental conditions in a room ([Table 1](#tbl1){ref-type="table"}), especially relative humidity (*R*^2^=0.11, *P*=0.05) and air changes per hour (*R*^2^=0.11, *P*=0.1).

Correlates of human-associated bacterial abundance in the built environment
---------------------------------------------------------------------------

Air in mechanically ventilated rooms contained significantly less chloroplast DNA compared with window-ventilated rooms and outdoor air (ANOVA and Tukey\'s HSD test; *P*\<0.01). The relative abundance of potentially pathogenic bacteria (bacterial OTUs with a 97% or greater sequence similarity to known human pathogens; [@bib62]; [@bib54]; [@bib13]; [@bib7]; [@bib35]) was higher in indoor air than in outdoor air (ANOVA; *P*\<0.01). Indoor air contained communities that were dominated by a few closely related bacteria that were related to known human pathogens and human-associated bacteria ([Figure 4a](#fig4){ref-type="fig"}). The relative abundance of potentially pathogenic bacteria in patient rooms was independent of ventilation source (ANOVA; *P*=0.2), but decreased with increasing air flow rates ([Figure 4b](#fig4){ref-type="fig"}; *P*=0.04), air changes per hour (*P*=0.004) and relative humidity ([Figure 4c](#fig4){ref-type="fig"}; *P*=0.02). Because airborne bacterial cell density did not differ among rooms with different ventilation sources, this suggests that the absolute abundance of potential pathogens was lower with higher rates of airflow.

The abundance of individual bacterial taxa also responded to indoor environmental conditions and ventilation source. Indicator species analyses indicated that several bacterial taxa that are commonly found in the human microbiome ([@bib61]; [@bib10]; [@bib20]), including members of the families Burkholderiaceae, Pseudomonadaceae, Staphylococcaceae and genera *Micrococcus*, *Pseudomonas*, *Ralstonia* and *Staphylococcus*, were common and abundant in indoor air, especially in air from mechanically ventilated rooms, but nearly absent from outdoor air ([Figure 5](#fig5){ref-type="fig"}, [Table 2](#tbl2){ref-type="table"}). Several indicator OTUs found in mechanically ventilated patient rooms were closely related (\>97% sequence similarity) to the facultative human pathogens *Staphylococcus epidermidis*, *S. haemolyticus* and *Ralstonia pickettii*. Bacteria commonly found in soil and water, including members of the Acidobacteria, Planctomycetales, Gemmatimonadales, Methylococcales and Sphingobacteriales, were abundant and common in outdoor air, but relatively rare or absent indoors.

Discussion
==========

Our results indicate that architectural design, in particular the source of ventilation air, does influence the diversity and composition of the built environment microbiome. Most of the observed variation in airborne microbial community structure in patient rooms at the sampled health-care facility was explained by ventilation source. Mechanically ventilated patient rooms contained an ecologically distinctive set of microbial taxa from those found in outdoor air, and window-ventilated rooms contained airborne bacterial communities intermediate in structure between mechanically ventilated patient rooms and outdoor air. Although indoor air had a lower PD of microbes relative to outdoor air, this is not readily explained by the filtering of bacterial taxa dispersed from outdoors. The outdoor air communities were dominated by bacterial taxa common in aquatic and soil habitats ([@bib19]; [@bib66]). In contrast, the indoor air communities were dominated by a small number of bacterial taxa from clades that are commonly associated with humans as commensals or pathogens, and as a result they were characterized by low PD. These findings suggest that humans can be important dispersal vectors for microbes that colonize the built environment ([@bib30]).

Architects and engineers design buildings for human comfort by controlling factors such as humidity, temperature and airflow ([@bib43]), but we understand little about how these factors influence the diversity and distribution of microorganisms indoors. We observed a significant relationship between indoor environmental conditions---including relative humidity and temperature---and airborne bacterial community structure. This relationship could be due to a direct link between the growth or survival of certain taxa and environmental conditions in patient rooms, or an increase in the dispersal of microbes from humans or material surfaces to the built environment under these conditions. It has been suggested that the indoor climate can influence human health through direct effects on microbial populations ([@bib3]) and communities, and our data are consistent with this hypothesis. In general, our findings are consistent with a role for both species-neutral processes such as dispersal as well as niche-based processes such as environmental filtering ([@bib36]), in the assembly of the built environment microbiome.

Ventilation method and airflow have long been known to impact allergen, pollutant and pathogen load in the built environment ([@bib40]; [@bib6]; [@bib57]; [@bib33]). Mechanical ventilation greatly reduced the relative abundance of chloroplast DNA in the hospital air, and this was likely due to the filtration of pollen by the mechanical air ventilation system. Ventilation method, however, did not significantly impact the potential pathogen load indoors. In both mechanically and window-ventilated rooms, the abundance of potentially pathogenic airborne bacteria was negatively correlated with airflow rates. Our finding that increased airflow rates decreased the potential pathogen load is consistent with the hypothesis that ventilation is beneficial to human health, as modeled by the classic Wells--Riley equation ([@bib64]; [@bib52]). Given the observed similarity between indoor- and human-associated bacterial communities, it is parsimonious to assume that many of the potentially pathogenic bacteria detected indoors were emitted from humans or material surfaces indoors, and that increased airflow diluted the concentration of these bacteria relative to the non-human-associated bacteria that are more common in outdoor air.

There has been significant interest in alternatives to mechanical ventilation for infection control in health-care settings, including natural ventilation and displacement ventilation ([@bib16]; [@bib4]), due to the lower costs of construction and operation of natural ventilation systems ([@bib44]). Our study did not directly examine natural ventilation, but we were able to assess the effect of ventilating rooms with outdoor air entering directly through open windows. Our findings suggest that it is worthwhile to explore the effects of natural ventilation on microbial communities more rigorously using modern molecular tools, as we found that the abundance of potentially pathogenic bacteria was not higher in window-ventilated patient rooms than in mechanically ventilated rooms. The use of high-throughput molecular sequencing methods can reveal indoor microbial biodiversity that was previously difficult or impossible to observe, and to fully understand the microbiology of the built environment, additional studies in different geographic regions, seasons and architectural settings will be required.

In conclusion, we note that architects use a 'comfort zone\' model to design indoor spaces within an envelope of temperature, humidity, airflow and light availability that is physically comfortable for humans ([@bib43]). An improved understanding of the ecology of the built environment microbiome could allow this model to be expanded to design indoor spaces that maximize human health and well-being by linking architectural and environmental conditions to the ecology of indoor microbes. Our data suggest that reducing direct contact with the outdoor environment may not always be an optimal design strategy for bacterial pathogen management. Just as we currently manage natural ecosystems to promote the growth of certain species and inhibit the growth of others, an evidence-based understanding of the ecology of the built environment microbiome opens the possibility that we can similarly manage indoor environments, altering through building design and operation the pool of species that potentially colonize the human microbiome during our time indoors.
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![Ordination diagram (axis 1 and 2 from a NMDS ordination) summarizing similarity of airborne bacterial community composition (weighted UniFrac community phylogenetic dissimilarity) in samples from outdoors (blue), indoor mechanically ventilated patient rooms (red) and indoor window-ventilated patient rooms (green) at a health-care facility. Distances among communities indicate the phylogenetic similarity of bacteria in those communities. Symbols indicate sample location (○=room 229, □=room 231, ◊=room 235 and △=roof; [Supplementary Table S1](#sup1){ref-type="supplementary-material"}). Ellipses are 95% confidence intervals around samples from each environment. Arrows indicate direction of correlation between axis 1 scores from the NMDS ordination versus relative humidity (% *r*=0.67, *P*=0.01), temperature (°C; *r*=−0.68, *P*=0.01) and air flow velocity (m s^−1^; *r*=0.50, *P*=0.07).](ismej2011211f1){#fig1}

![PD (total phylogenetic branch length; Faith\'s PD per 700 sequences) in different environments at a health-care facility: outdoors and indoors in patient rooms exposed to different ventilation sources (mechanical or window ventilation). PD (based on samples rarefied to 700 sequences per sample) was significantly different among all environments (Tukey\'s HSD; mixed model with fixed effect of environment, random effect of measurement time, overall model significant (*P*\<0.05), pairwise differences significant (*P*\<0.05)).](ismej2011211f2){#fig2}

![Taxonomic composition of airborne bacterial communities in different environments at a health-care facility: outdoors (blue) and indoors in patient rooms exposed to different ventilation sources (mechanical (red) or window (green) ventilation). Composition estimates (mean±s.d.) are based on relative abundances of bacterial 16S sequences assigned to different phyla. Asterisk symbols indicate taxonomic groups whose relative abundance differed significantly among ventilation treatments (ANOVA; ^\*^*P*\<0.1, ^\*\*^*P*\<0.05 and ^\*\*\*^*P*\<0.01).](ismej2011211f3){#fig3}

![Relative abundance of sequences from bacterial sequences closely related to human pathogens (95% or greater sequence similarity) in airborne microbial samples versus PD and environmental conditions at a health-care facility. Solid line is best fit (with shaded 95% confidence interval) from a linear model of relative abundance of potentially pathogenic sequences versus **(a)** PD (total phylogenetic branch length; Faith\'s PD (23) per 700 sequences; % *R*^2^=0.53, *P*=0.005), **(b)** air flow velocity measured at the patient bed (m s^−1^; *R*^2^=0.27 *P*=0.04), **(c**) relative humidity (% *R*^2^=0.29, *P*=0.02) and **(d)** temperature (°C; *R*^2^=0.33, *P*=0.01).](ismej2011211f4){#fig4}

![Temperature and relative humidity of air in hospital patient rooms exposed to mechanical and window ventilation. Contours indicate relative abundance of sequences closely related (97% or greater sequence similarity) to the potential human pathogens **(a)** *R. pickettii*, **(b)** *S. epidermidis* and **(c)** *S. haemolyticus*, based on a polynomial spline surface fit to sample environmental coordinates.](ismej2011211f5){#fig5}

###### Variance in phylogenetic similarity of airborne bacterial communities (weighted UniFrac distance (35)) explained by different environmental factors for samples from different environments at a health-care facility ((A) indoors and outdoors; (B) indoors in window-ventilated rooms and mechanically ventilated rooms)

                                           *Variance explained (total)*   *Variance explained (after accounting for environment)*          
  ---------------------------------------- ------------------------------ --------------------------------------------------------- ------ ------
  *(A) All samples (indoor and outdoor)*                                                                                                   
   Environment                             0.57                           \<0.01                                                            
   Relative humidity                       0.31                           \<0.01                                                    0.14   0.08
   Humidity ratio                          0.22                           0.01                                                      0.07   0.59
   Temperature                             0.31                           \<0.01                                                    0.14   0.12
   Air flow velocity                       0.17                           0.03                                                      0.13   0.20
   Time                                    0.09                           0.07                                                      0.09   0.32

                                                                       *Variance explained (total)*   *Variance explained (after accounting for ventilation method)*          
  -------------------------------------------------------------------- ------------------------------ ---------------------------------------------------------------- ------ ------
  *(B) Indoor samples only (mechanical and window-ventilated rooms)*                                                                                                          
   Ventilation method                                                  0.66                           \<0.01                                                                   
   Relative humidity                                                   0.38                           0.01                                                             0.11   0.05
   Humidity ratio                                                      0.07                           0.31                                                             0.02   0.77
   Temperature                                                         0.14                           0.08                                                             0.10   0.15
   Air changes per hour                                                0.38                           0.02                                                             0.11   0.10
   Air flow velocity at bed                                            0.10                           0.13                                                             0.07   0.22
   Air flow velocity at supply                                         0.37                           0.03                                                             0.03   0.60
   Time of sampling                                                    0.06                           0.22                                                             0.12   0.11
   Room                                                                0.12                           0.27                                                             0.09   0.34

Abbreviation: AMOVA, analysis of molecular variance.

Variance explained (total) indicates variance explained by that variable alone, variance explained (after accounting for environment) represents variance explained after accounting for environment effects; for AMOVA, analyses (34) of variance in weighted UniFrac distance among samples explained by different variables.

###### Taxonomic identity of indicator OTUs in different environments at a hospital

  *Environment*   *Indicator OTU class*   *Indicator OTU family*   *Indicator OTU closest BLAST hit*   *Indicator OTU* % *ID*
  --------------- ----------------------- ------------------------ ----------------------------------- ------------------------
  Indoor          Actinobacteria          Actinomycetales          *Kytococcus sedentarius*            98.8
  Mechanical      Bacteroidetes           Flavobacteriaceae                                             
                  Firmicutes              Staphylococcaceae        *Staphylococcus epidermidis\**      99.1
                                                                   *S. haemolyticus\**                 98.5
                  Proteobacteria          Burkholderiaceae         *Ralstonia pickettii\**             98.2
                                          Caulobacteraceae                                              
                                          Enterobacteriaceae       *Enterobacter spp.*                 98.5
  Indoor          Actinobacteria          Actinomycetales          *Kocuria rhizophila*                96.1
  Window                                                           *Micrococcus luteus*                99.7
                  Cyanobacteria           Bacillariophyta                                               
                  Proteobacteria          Acetobacteraceae                                              
                                          Moraxellaceae                                                 
                                          Rhodobacteraceae                                              
  Outdoor         Acidobacteria                                                                         
                  Actinobacteria          Acidimicrobiales                                              
                                          Actinomycetales                                               
                                          Solirubrobacterales                                           
                  Bacteroidetes           Chitinophagaceae                                              
                                          Cytophagaceae                                                 
                  Chloroflexi             Chloroflexaceae                                               
                  Cyanobacteria           Bangiophyceae            *Microcystis aeruginosa*            95.1
                                          Streptophyta             *Prochlorococcus marinus*           95
                  Deinococcus-Thermus     Deinococcaceae                                                
                  Gemmatimonadetes        Gemmatimonadaceae                                             
                  Proteobacteria          Acetobacteraceae                                              
                                          Beijerinckiaceae         *Methylocella silvestris*           95.2
                                          Bradyrhizobiaceae                                             
                                          Caulobacteraceae                                              
                                          Erythrobacteraceae                                            
                                          Halothiobacillaceae                                           
                                          Methylobacteriaceae      *Methylobacterium extorquens*       96.7
                                                                   *M. radiotolerans*                  99.0
                                          Methylococcaceae                                              
                                          Methylocystaceae                                              
                                          Oxalobacteraceae                                              
                                          Pasteurellaceae                                               
                                          Rhodospirillaceae                                             
                                          Sinobacteraceae                                               
                                          Sphingomonadaceae                                             
                  Verrucomicrobia                                                                       

Abbreviations: BLAST, Basic Local Alignment Search Tool; OUT, operational taxonomic unit; RDP, Ribosomal Database Project.

Indicator OTUs are OTUs with greater abundance and occurrence frequency in an environment than expected by chance. Taxonomic identity based on assignment to class/family by the RDP taxonomic classifier. The closest BLAST hit in the reference database is shown for indicator OTUs with 95% or greater sequence similarity to reference taxa. Asterisk symbols indicate potentially pathogenic indicator taxa with 97% or greater similarity to known human pathogens.
